This report was written jointly by students (Tian and Yin) after an exploratory project aim at pushing the limits of Infrared Thermography. The report shows the following findings:
Introduction
Infrared thermography (IRT) is a non-destructive testing (NDT) technique to detect shapes and anomalies of samples based on objects radiation in infrared range. It has many applications such as electrical, mechanical and insulation maintenance [1] , the assessment of the performance and conditions of buildings [2] , the failure analysis of integrated circuits [3] , and the inspection of solar cells in renewable energy industry [4] . IRT has two categories -passive thermography and active thermography. Passive thermography tests structures which are naturally at different temperature from the ambient [5] , while active thermography requires an external stimulus to induce relevant thermal contrast [6] into the tested object.
Lock-In Thermography (LIT) is one type of active thermography [7] . During the process of LIT, a periodic heat wave is injected into the tested object. The injected thermal wave will cause the temperature at each pixel on the surface of the tested sample to vary over time. Simultaneously, the temperatures are recorded down by an infrared camera as raw thermal signals [8] . Variation in physical properties of an object such as thickness, thermal emissivity and existence of subsurface anomalies can lead to difference in the raw thermal signals at each pixel. The locations, sizes and shapes of anomalies of geometries, can be identified by analysing the Lock-In phase and amplitude calculated from the raw thermal signal curve. However, thickness of the objects has not been found to have a direct correlation to the signals.
There are attempts made to derive the thickness of an object and the thickness of coating from the signal obtained from LIT. Coating thickness is predicted by observing and analysing the phase angle image of LIT [9] . Quantitative evaluation of material thickness has been done by many research groups [10] , [11] , [12] . However, among the attempts, the tested samples are in steps or in constant gradients. This means that the conclusion of the current work done is restricted to particular situations as the gradient factor is not considered. Therefore, in this project, two techniques are developed to map the thickness to the thermal signal obtained from LIT. The two techniques can be adapted to objects with various gradients and are thus more accurate in thickness estimation. Besides, we can also use stochastic gradient descent (SGD) to generate the estimated geometry of the tested object simultaneously with the LIT measurement so as to increase the applicability of this project.
Materials and Methods

Conducting LIT experiments and simulations
Both experiments and simulations were conducted in this project. In order to ensure that the results are not restricted, we used FreeCAD to design 14 samples with different thickness and different types and values of gradients. Details of the samples are shown in Appendix Appendix5.
To conduct experiments, the samples were printed out using Acrylonitrile Butadiene Styrene (ABS) in a 3D-printing machine. LIT experiments were then conducted in a setup as shown in Appendix Appendix6. Samples were heated by a pair of halogen lamps with a Lock-In frequency of 0.01Hz. The raw thermal signals were captured by an infrared camera of 320×240 pixels in the speed of 1 frame per second and transmitted to the laptop for further processing. Each sample was heated over a period of 200 seconds so that 201 frames were captured in total for each sample.
Simulations of the experiment were also conducted in this project. This is because for LIT experiments, not all the radiation received by the infrared camera comes from the emission of the tested sample. It also comes from the emission of the surroundings and reflected by the object and the emission of the atmosphere [13] . Moreover, since heat can be lost to the surroundings through convection, LIT experiments are affected by working conditions, such as the surrounding temperature, airflow and humidity. Therefore, there is a lot of thermographic data noise for experiments data [14] . Thus, simulations, which do not have data noise and are hence able generate clearer data, are also conducted to serve as a reference to benefit real-life work. The same 14 samples are imported into ElmerGUI to run simulations. The setup of simulations are the same as experiments so as to control the variables.
Data processing
After the raw thermal signal of the data points at each pixel was obtained, Lock-In calculations were applied in order to obtain the Lock-In phase and amplitude, which are two useful parameters in LockIn studies. The equations used for Lock-In calculations are attached in Appendix Appendix7 [15] . Besides, by plotting thermal signal against time for each pixel, We noticed that all the graphs are similar. A typical thermal signal plot for a single pixel over the measurement period of 200 s is shown in Appendix Appendix8.
Other than the Lock-In amplitude and phase, a set of other parameters were derived to pinpoint the thickness of the sample at every pixel more accurately. All these parameters were stored for every relevant image pixel on the samples for each measurement, and subsequently used to generate datasets.
Technique I -Building a numerical function
Despite that currently there is no theoretical function that relates the parameters to thickness, we are able to fit the relationship to known functions by observing its trend [16] . Hence, the first technique that we discuss is to build a universal function that models the relationship between the parameters and thickness. We plotted graphs of every parameter against each other, and found that one of the parameters, Parameter µ, and phase have clear relationship.
By plotting the graphs of phase against Parameter µ at each value of thickness ranging from 0.4 mm to 4.4 mm (Figure 1 ), we found there is a linear relationship between phase and parameter µ for each thickness (Figure 1, black lines) and the gradients of the lines are about the same. Both experiment data and simulation data show similar trends. 
where φ is the phase, m is the common gradient, µ is Parameter µ, δ is the thickness, c(δ) is a function of δ that represents the y-intercept of each straight line. Therefore, the next step is to find the value of m and the expression of c(δ).
As the lines at different values of thickness have a similar gradient, we took the average of them to be the value of m. To find the expression of c(δ), we plotted c(δ) against δ but the trend is not obvious enough to enable the fitting of a known function into it. However, when we plotted φ (i.e. the mean phase value) against thickness, which can be fitted into a five-degree polynomial function, f (δ), on the same figure (Figure 2a ), we noticed that the disparity between φ and c(δ) gradually decreases and finally becomes constant at a certain value. Hence, we plotted φ − c(δ) against δ (Figure 2b , dot) and found that the curve (Figure 2b , line) can be fitted to a exponential function, g(x).
(a) Graphs of φ and c(δ 
As the value of φ and µ can both be obtained by processing the raw thermal signal, the value of thickness can be calculated by using Equation 2 inversely.
Technique II: Building a statistical database
Quantitative method can also be used for the estimation of thickness by building a sparse database from the measurement and use the database to map thickness. Each data point in the database contains the relevant parameters and if the parameters of a tested data point (except thickness, as it is still unknown) match one sparse data point, we predict the thickness of the tested data point according to the thickness of the sparse data point. Before generating the sparse database, we make an evaluation on the set of parameters to examine which parameters are relatively more critical by comparing the multi-dimensional distance between them. We found that Lock-In phase, Lock-In amplitude and 3 other parameters, µ 1 , µ 2 and µ 3 are more correlated with thickness. Therefore, our database contains 6 dimensions -thickness, Lock-In phase, Lock-In amplitude, µ 1 , µ 2 and µ 3 .
When building the database, we gather the data points whose difference is within the set resolution for 6 dimensions into one group and take the average of all the parameters of these data points as a new data point. Note that every data point used has an equal weight. Detailed process of building the database is attached in Appendix Appendix9.
All data points in the database are retrieved from the database when estimating thickness of a pixel. 5-dimensional distance is calculated with Equation 3 and the data point with the shortest 5-dimensional distance is selected. The corresponding thickness of the selected data point gives the estimated thickness of the pixel.
In this technique, the choice of resolution is very important. A coarse resolution increases the speed of fitting the geometries, as more data points will be closer than the resolution and hence there will be fewer sparse data points. However, precisely because the resolution is coarse, it will lower the accuracy of the database in mapping thickness. On the other hand, a fine resolution despite being more accurate takes more time to fit the geometries, which lowers the efficiency of the technique. Therefore, we are still looking for an optimal resolution that achieve a balance between accuracy and efficiency. (Figure 3) where the flat region is excluded, we are able to visualise that Technique II works well for slopes. (Figure 4) . 
Improvement on Technique II
To improve Technique II, Principal Component Analysis (PCA) is used to reduce the number of dimensions. By analysing the nature of each dimension and removing dimensions providing similar information, the size of the database is reduced while losing the least amount of information [17] . Firstly, data in the raw dataset are normalised, so that for every one of the six dimensions, the mean value of the data in the dimension equals 0 and the standard deviation of the data in the dimension equals 1. This is to make PCA independent of scaling. Secondly, the normalised covariance between every two dimensions is calculated with Equation 4:
Normalised covariance measures how much two dimensions vary from the mean value with respect to each other [18] . The magnitude of the normalised covariance shows the strength of the relationship. If the absolute value normalised covariance is close to one, it means that the two dimensions have strong linear relationship and thus provide similar information. The normalised covariance between every two of the six dimensions for 14 samples is attached in Appendix Appendix12. By observing from the result, we found that for simulation both µ 1 and µ 2 can be removed from the database to reduce the size of it, while for experiments there is only strong linear relationship between amplitude and µ 2 , possibly due to existence of thermographic data noise. Hence, for the practical work in the real world, we choose to remove only one dimension, µ 2 , from the database.
The successful rate of thickness estimation is calculated with the modified database. The tables of successful rate for thickness estimation using improved Technique II for both experiments and simulations data are attached in Appendix Appendix13. We can observe from the result that Technique II still performs well, with around 97% successful rate for simulations and 78% successful rate for experiments with 0.2 mm tolerance. Therefore, the modification is successful as it reduces the size of the database and thus makes the retrieval of data points from the database faster, while at the same time, the successful rate is not affected much.
Using stochastic gradient descent to identify geometries in real time
During actual application of the techniques, we do not know how many frames we actually measure to get an accurate result. Hence, we investigated the use of stochastic gradient descent (SGD) in order to determine the time when sufficient data have been collected.
Gradient descent is a popular iterative optimisation method [19] [20] [21] to find the minimum of loss functions. We started from an initial guess of the parameters, and then iteratively moved in the direction of the negative gradient at the current point to reach the minimum value. Out of all kinds of gradient descent, SGD is one that run through every single set of data in the dataset [22] [23] . Based on this characteristic, whenever we get a new frame, we can use the new set of data to update the parameters and finally reach the set of parameters that lead to a minimum value of the loss function.
However, during the actual test of this method, we found that one significant drawback of SGD is that the value always converges to the local minimum points instead of the desired global minimum point. Hence, it is important to set the initial guess close enough to the global minimum point (i.e. in this case, the actual value of the parameters). Even though it is possible to use SGD to generate the thickness in real time, the time required to benchmark such a technique is significant. It will be interesting to derive a reliable method to obtain the geometry of samples in real time in future work.
Conclusion
This project has shown the ability of estimating the thickness of the objects tested under LIT. From the results of accuracy assessment shown by the two methods, we can conclude that Technique II, which shows optimistic result for both simulations and experiments, performs better in thickness estimation. Technique I despite performing well for slopes are not able to estimate the thickness of flat regions. Hence, further studies could consider adding in more parameters other than phase and thickness to build equations even for flat surfaces. For Technique II, the resolution set for each dimension can be adjusted to find an optimal combination of resolution so as to generate a database with the most suitable size. Moreover, we can take more aspects into consideration when building the database. More meaningful dimensions can be added to the database to make Technique II more mature.
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